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ABSTRACT
The length of stay (LOS) in hospital varied considerably in different patients with COVID-19 caused 
by SARS-CoV-2 Omicron variant. The study aimed to explore the clinical characteristics of Omicron 
patients, identify prognostic factors, and develop a prognostic model to predict the LOS of Omicron 
patients. This was a single center retrospective study in a secondary medical institution in China. A 
total of 384 Omicron patients in China were enrolled. According to the analyzed data, we employed 
LASSO to select the primitive predictors. The predictive model was constructed by fitting a linear 
regression model using the predictors selected by LASSO. Bootstrap validation was used to test 
performance and eventually we obtained the actual model. Among these patients, 222 (57.8%) were 
female, the median age of patients was 18 years and 349 (90.9%) completed two doses of 
vaccination. Patients on admission diagnosed as mild were 363 (94.5%). Five variables were selected 
by LASSO and a linear model, and those with P < 0.05 were integrated into the analysis. It shows 
that if Omicron patients receive immunotherapy or heparin, the LOS increases by 36% or 16.1%. If 
Omicron patients developed rhinorrhea or occur familial cluster, the LOS increased by 10.4% or 
12.3%, respectively. Moreover, if Omicron patients’ APTT increased by one unit, the LOS increased 
by 0.38%. Five variables were identified, including immunotherapy, heparin, familial cluster, rhinor
rhea, and APTT. A simple model was developed and evaluated to predict the LOS of Omicron 
patients. The formula is as follows: Predictive LOS = exp(1*2.66263 + 0.30778*Immunotherapy + 
0.1158*Familiar cluster + 0.1496*Heparin + 0.0989*Rhinorrhea + 0.0036*APTT).
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Introduction

In recent years, the coronavirus disease 2019 (COVID- 
19) caused by SARS-CoV-2 had become one of the 
most public-threatening infectious diseases [1]. The 
original wild-type of SARS-CoV-2 caused severe disease 
and mutations of the virus will coexist with humans, 
possibly forever [2]. Since the discovery of the Omicron 
variant in November 2021, it has continued to sweep 
the globe and mutate. Currently, Omicron variants are 
characterized by enhanced transmissibility, immune 
escape, and breakthrough reinfection including BA.1, 
BA.2, BA.3, BA.4, BA.5, and descendant lineages [3–6]. 
As of 22 September 2022, more than 610 million 
laboratory-confirmed cases of infection with SARS- 
CoV-2 were reported globally, and these numbers con
tinue to rise rapidly [7].

There are many reports on the clinical characteris
tics, outcomes, and prognostic factors of patients 
infected with the Omicron variant [8–10]. However, 
no predictive models have been developed for the 
length of hospital stay in Omicron patients. Outbreaks 
of Omicron Variant have led to a substantial increase in 
the demand for hospital beds and a shortage of medical 
equipment. Doctors can alleviate the shortage of med
ical resources by predicting LOS based on the clinical 
condition of patients. Two previous studies were used 
to predict LOS in SARS-CoV-2 patients. However, in 
one study, the variables of the model contained 
“Wuhan travelling history” [11], and in another the 
virus was not Omicron variant [12]. Therefore, it is 
an urgent need to develop a validated predictive 
model to predict LOS in Omicron patients, which can 
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optimize the management of patients to alleviate the 
strain on medical resources.

In the present study, we screened a total of 384 
Omicron patients from January 8 to February 13 in 
The Fifth People’s Hospital of Anyang City, which was 
initially and completely taken over by The First 
Affiliated Hospital of Zhengzhou University. We 
explored the clinical characteristics of 384 patients and 
found that cough, sputum, fever, and nasal congestion 
were the most common on admission. Using a screening 
of two models, we subsequently identified five variables, 
and developed and evaluated a simple model to predict 
LOS in hospitals for patients infected with the Omicron 
variant. These results can be used to provide enhanced 
and targeted management of Omicron patients and also 
to provide clinical decision-making support for doctors.

Materials and methods

Study population and data source

From January 8 to 13 February 2022, the data of 384 
patients infected with the SARS-CoV-2 Omicron 
Variant were collected at the Fifth People’s Hospital of 
Anyang. Cases confirmed that SARS-CoV-2 Omicron 
Variant infection fulfilled the guidelines of “Diagnosis 
and Treatment Protocol for COVID-19.” First, we strati
fied the patients into the following three groups based on 
LOS: the lowest quartile (25th quartile; 15 days; n = 85, 

22.1%), the median (25th–75th quartiles; n = 212, 55.2%), 
and the highest quartile (75th quartile; 75 days; n = 87, 
22.7%). Respectively, the age ranges for the three groups 
were 9–14 years, 15–25 years, and 26–39 years. The base
line characteristics were summarized in Table 1. Missing 
values were imputed with the median of each correspond
ing variable. Finally, this study was approved by the 
Institutional Review Board of the First Affiliated 
Hospital of Zhengzhou University (L2021-Y429-002). 
The study was implemented under the Helsinki 
Declaration and Rules of Good Clinical Practice.

Feature extraction

The LOS was skewed and thus was transformed using the 
natural log for model training and testing. The final pre
dicted LOS was then converted back to the standard LOS 
within days. Using all the sample and candidate predic
tors, we employed LASSO to select the primitive predic
tors. The final predictive model was constructed by fitting 
a linear regression model using the predictors selected by 
the LASSO method. Due to the small sample size, boot
strap validation was used to test the model performance, 
and a total of 2000 bootstrap samples were drawn with 
replacement of the sample size as the original sample. 
Prediction models were developed for each bootstrap 
sample and then tested for the original sample. The dif
ferences in performance between the bootstrap sample 
and the original sample indicated optimism, the mean of 

Table 1. General characteristics of the 384 patients on admission.

Characteristics
Aggregate (n =  

384)
LOS<15 days (n =  

85)
LOS 15–25 days (n =  

212)
LOS>25 days (n =  

87)
P for 
trend

Age (years) 19 ± 6 13 ± 1 19 ± 3 29 ± 3 0.3914
Female, n (%) 222 (57.8) 50 (58.8) 125 (59.0) 47 (54.0) 0.5216
Familial cluster 166 (43.2) 24 (28.2) 100 (47.2) 42 (48.3) 0.0084
Number of vaccination doses
0 2 (0.5) 0 (0.0) 1 (0.5) 1 (1.1) 0.2951
1 12 (3.1) 1 (1.2) 8 (3.8) 3 (3.4) 0.3964
2 349 (90.9) 78 (91.8) 193 (91.0) 78 (89.7) 0.6306
3 21 (5.5) 6 (7.1) 10 (4.7) 5 (5.7) 0.7102
Coexisting conditions
Diabetes 10 (2.6) 2 (2.4) 7 (3.3) 1 (1.1) 0.6149
Hypertension 23 (6.0) 5 (5.9) 14 (6.6) 4 (4.6) 0.7193
Cardiovascular disease 6 (1.6) 1 (1.2) 2 (0.9) 3 (3.4) 0.2267
Chronic liver disease 6 (1.6) 1 (1.2) 3 (1.4) 2 (2.3) 0.5519
Fever 96 (25.0) 17 (20.0) 58 (27.4) 21 (24.1) 0.5382
Cough 240 (62.5) 56 (65.9) 136 (64.2) 48 (55.2) 0.1457
Runny nose 39 (10.2) 8 (9.4) 20 (9.4) 11 (12.6) 0.4808
Nasal congestion 96 (25.0) 27 (31.8) 49 (23.1) 20 (23.0) 0.1872
Fatigue 15 (3.9) 2 (2.4) 9 (4.2) 4 (4.6) 0.45
Expectoration 112 (29.2) 23 (27.1) 64 (30.2) 25 (28.7) 0.8124
Headache 7 (1.8) 1 (1.2) 6 (2.8) 0 (0.0) 0.5552
Diarrhoea 6 (1.6) 1 (1.2) 3 (1.4) 2 (2.3) 0.5519
Systolic pressure, mmHg 119 (110, 125) 120 (111, 125) 117 (111, 125) 117 (110, 125) 0.2724
Diastolic pressure, mmHg 72.8 (66, 80) 75 (68, 80) 73 (65.5, 80) 70 (65, 78) 0.1821
Heart rate 80 (75, 82) 79 (75, 81) 80 (74, 82) 80 (75, 82) 0.3772
Respiratory rate 19 (18, 20) 19 (18, 20) 19 (18, 20) 19 (18, 20) 0.392
Oxygen saturation 99 (98, 99) 99 (98, 99) 99 (98, 99) 99 (97, 99) 0.5432
Time from illness onset to first hospital admission 

(days)
2 (1, 3) 2 (1, 3) 2 (1, 3) 2 (1, 3) 0.9355

Data are median (IQR), mean ± SD or n (%). IQR: interquartile range. 
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which was subtracted from the apparent performance of 
the original model to get the actual performance of the 
model. We calculated four indicators to evaluate the per
formance of the predictive model, that is, the explained 
variation R^2, and three accuracy indicators calculated by 
comparing the predicted LOS with the actual LOS. 
Predictors with missing values were imputed using multi
ple imputations with 10 imputations. The final imputed 
value was an average of 10 imputations. Rates of missing 
ranged from 0.26% (Neu-count) to 14.06% (ESR). The 
outcome was LOS.

Information collection

Detailed patients’ information was collected from elec
tronic medical records. Clinically meaningful data 
(which were reliable and easily collected) were selected 
as candidate variables. Initial candidate variables 
included epidemiological data, clinical (COVID-19 
related) and laboratory data. Treatments during hospi
talization, including traditional Chinese medicine 
(TCM), immunotherapy, heparin, interferon inhalation, 
antibiotic therapy, and others, were also collected and 
used as candidate variables. Variables with more than 
20% missing and less than 1% frequency were excluded.

Definition of terms

Immunotherapy mainly referred to treatment with inter
leukin 2 (IL2). TCM treatment is based on the principle of 
“one person, one treatment” improved the treatment 
protocol. Patients could be discharged when their tem
perature was normal for three consecutive days, respira
tory symptoms and chest CT images improved, and two 
consecutive novel coronavirus nucleic acid tests’ were Ct 
values ≥35 for both the N and ORF genes (fluorescent 
quantitative PCR method with a cut-off value of 40 and 
a sampling interval of at least 24 h). LOS refers to the 
length of stay in Omicron patients.

Primary outcome measure

In the study, the primary outcome was LOS. Patients who 
reappeared in positive nasopharyngeal swab collection 
within 2 weeks of meeting the discharge criteria would 
be excluded.

Statistical analysis

The analysis was conducted using SAS statistical soft
ware 9.4 (SAS institute Inc.). The study followed the 
Transparent Reporting of a Multivariable Prediction 
Model for Individual Prognosis or Diagnosis 

(TRIPOD) reporting guidelines. Each of the 22 
items of the TRIPOD statement was addressed.

Results

Patients’ characteristics

As shown in Figure 1, a total of 384 patients was 
enrolled in the study. The baseline characteristics of 
these patients are summarized in Table 1. Among the 
384 patients, 222 (57.8%) were female, the mean age of 
patients was 19 years and 349 (90.9%) completed two 
doses of vaccination. Patients on admission diagnosed 
as mild were 363 (94.5%). Common symptoms on 
admission were cough, expectoration, fever, and nasal 
congestion. In the group of LOS <15 days, 24 (28.2%) 
patients were associated with familial cluster, which was 
notably different from other two groups (100 [47.2%] 
vs. 42 [48.3%], p = 0.0084). Then, the median value of 
aspartate aminotransferase (18 vs. 20 vs. 18 U/L, P =  
0.0205) was statistically significant among the three 
groups (Table S1).

Management of 384 patients during hospitalization 
is shown in Table 2. In this cohort, no patients had 

Figure 1. Flow diagram of the study. A total of 384 patients 
infected with Omicron variant from January 8 to February 13 in 
2022 were enrolled. The final predictive model was constructed 
by fitting a linear regression model using the predictors 
selected by the LASSO method. Due to small sample size, 
bootstrap validation was used to test model performance. 
A total of 2,000 bootstrap samples were taken and replaced 
with the same sample size as the original, resulting in the final 
model.
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experienced complications. Overall, 381 (99.2%) 
patients received traditional Chinese medicine (TCM) 
treatment, 143 (37.2%) patients underwent immu
notherapy, 20 (5.2%) received heparin and 22 (5.7%) 
underwent interferon inhalation. Treatment among the 
three groups differed in terms of immunotherapy, 
heparin, and interferon inhalation.

Feature selection

Figure 1 presents a flow diagram depicting the sam
pling strategy for this study. Because of the skewed 
distribution of hospital LOS, a logarithmic function 
transformation with base e was made to obtain 

a distribution of LOS (Figure 2(a)). We then used 
LASSO regression simulations to select nine candidate 
variables, with non-zero coefficients taking a penalty 
parameter 0.395477 (Figure 2(b); Table 3). On this 
basis, variables were again selected using a linear 
model, and those with P < 0.05 were integrated into 
the analysis, including immunotherapy, familial cluster
ing, heparin, rhinorrhea, activated partial thromboplas
tin time (APTT; Table 4). The factors affecting the LOS 
and the model are shown in Table 5. It showed that if 
the Omicron patients developed rhinorrhea or occur 
familial cluster, the LOS increased by 10.4% (95%CI: 
1.1%–20.6%) or 12.3% (95%CI: 6.4%–18.5%）, respec
tively. If the Omicron patients received immunotherapy 

Table 2. Treatments and outcomes for 384 patients.
Characteristics Aggregate (n = 384) LOS<15 days (n = 85) LOS 15–25 days (n = 212) LOS>25 days (n = 87) P for trend

TCM treatment 381 (99.2) 83 (97.6) 211 (99.5) 87 (100.0) 0.0079
Immunotherapy 143 (37.2) 3 (3.5) 80 (37.7) 60 (69.0) <0.0001
Heparin 20 (5.2) 0 (0.0) 8 (3.8) 12 (13.8) <0.0001
Interferon inhalation 22 (5.7) 0 (0.0) 13 (6.1) 9 (10.3) 0.0036
Antibiotics 11 (2.9) 0 (0.0) 8 (3.8) 3 (3.4) 0.1791
Digestive treatment 12 (3.1) 1 (1.2) 8 (3.8) 3 (3.4) 0.3964

TCM treatment: traditional Chinese medicine treatment. 

Figure 2. Screening process and analysis of results. (a) Histogram of length of hospital stay. Because the patients’ LOS showed 
a skewed state, log transformation with base e was made to it. (b) Using all the sample and candidate predictors, we employ LASSO 
to select the primitive predictors. Optimal lambda is 0.395477. (c) Box plot of real LOS and its predicted value. (d) Scatterplot of real 
LOS and its predicted value.
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or heparin, the LOS increased by 36% （95% CI: 
28.6%–43.9%）or 16.1% （95%CI: 2.8%–31.3%）. 
Moreover, if the Omicron patients’ APTT increased 
by one unit, the LOS increased by 0.38%（95%CI: 
0.02%–0.70%）.

Predictive model

Specific points on variables are shown in Table 5. The 
formula for predicting LOS is as follows: Predictive LOS  
= exp(1 × 2.66263 + 0.30778*Immunotherapy+0.1158* 
Familiar cluster+0.1496*Heparin+0.0989*Rhinorrhea+0.0 
036*APTT). The effect of each variable on LOS was 
obtained by multiplying the value of each factor by the 
corresponding point. The sum was then converted to an 
exponential function with base e. The distribution of 
LOS and its predictive value is plotted in Figure 2(c,d).

Performance of hospital LOS prediction model

We test the predictive efficiency of the model by using 
the R-squared, which measured how well the predicted 
value fits the true value, with an R-squared of 0.3021. 
There were 59 (15.4%) cases where the prediction error 
was less than or equal to 1 day, 119 (30%) where it was 
less than or equal to 2 days and 171 (44.5%) where it 
was less than or equal to 3 days.

Testing and calibration of models

In order to accurately evaluate the predictive ability of 
the model, bootstrap with put-back resampling was 
used 2000 times with the same sample size as the 
original sample size. The model was built with each 
bootstrap sample separately, validated with the original 
sample, and the ratio of prediction error less than or 
equal to 1 day, less than or equal to 2 days, less than or 
equal to 3 days, and R-square were calculated for each 
of the two samples. Finally, the difference between the 
means of these four indicators in the resampled sample 
and the original sample was calculated and used to 
adjust the values of the four evaluation indicators 
obtained from the original sample. After the calibra
tion, R-squared was 0.2864. There were 15.2% cases 
where the prediction error was less than or equal to 
1 day, 29.6% where it was less than or equal to 2 days 
and 43.8% where it was less than or equal to 3 days.

Table 3. Candidate variables selected by the LASSO simulation.
Number Variables Coefficients

1 Familial cluster 1.2470368406
2 Runny nose 0.5292789600
3 SBP −0.0002272907
4 PLT 0.0008747604
5 APTT 0.0175742136
6 ALT 0.0066736904
7 AST 0.0171238952
8 Immunotherapy 5.3377636058
9 Heparin 1.6286117378

ASSO: Least Absolute Shrinkage and Selection Operator; SBP: Systolic blood 
pressure; PLT: platelet count; APTT: activated partial thromboplastin time; 
ALT: alanine transaminase; AST: aspartate aminotransferase. 

Table 4. Candidate variables again selected by a linear regression model.
Label Estimate StdErr tValue P

Immunotherapy 0.3155 0.0284 11.1265 0.0000
Familial cluster 0.1127 0.0274 4.1201 0.0000
Heparin 0.1542 0.0614 2.5108 0.0125
Runny nose 0.0941 0.0446 2.1082 0.0357
APTT 0.0035 0.0017 2.0302 0.0430
Systolic pressure −0.0019 0.0010 −1.8372 0.0670
AST 0.0017 0.0011 1.5114 0.1315
PLT 0.0004 0.0003 1.4203 0.1563
ALT 0.0010 0.0007 1.4047 0.1609

APTT: activated partial thromboplastin time; AST: aspartate aminotransferase; PLT: platelet 
count; ALT: alanine transaminase. 

Table 5. A prognostic model to predict the length of stay of Omicron patients.
Label Estimate StdErr tValue p-value OR(95%CI)

Intercept 2.66263 0.05879 45.29 <0.0001
Immunotherapy 0.3077 0.0286 10.7475 0.0000 36.0305 (28.6072–43.8822)
Familial cluster 0.1158 0.0275 4.2076 0.0000 12.2754 (6.3802–18.4973)
Heparin 0.1496 0.0624 2.3981 0.0170 16.1422 (2.7716–31.2524)
Runny_nose 0.0989 0.0451 2.1920 0.0290 10.3953 (1.0521–20.6023)
APTT 0.0036 0.0017 2.0656 0.0396 0.3570 (0.0182–0.6969)

APTT: activated partial thromboplastin time. 
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Disscussion

Previous studies have been carried out to determine the 
LOS associated with Omicron patients, but the results 
varied from study to study, which identified five vari
ables including age, alanine aminotransferase, pneumo
nia, platelet count, and PF ratio (PaO2/FiO2) [12]. In 
our study, we conducted a single-centre retrospective 
study of 384 Omicron patients in Anyang City, Henan 
Province. We analysed the clinical characteristics, iden
tified five variables, and developed and evaluated 
a predictive model to predict LOS in hospitalized 
Omicron patients. It was beneficial to optimize the 
use efficiency of hospital beds and medical resources 
and alleviate medical resource shortages [13].

We found that cough, expectoration, fever, and nasal 
congestion were common clinical manifestations in 
Omicron patients, in accordance with previous studies 
[14]. Previous evidence indicated that the incidence of 
fatalities from COVID-19 depends crucially on the infected 
age groups [15]. As most of the patients were young, they 
had few underlying diseases and were mildly ill.

The results of previous studies differed from ours 
[16]. Our study showed that immunotherapy, familial 
clustering, heparin, rhinorrhea, and APTT were inde
pendent factors that influenced the LOS in hospitalized 
patients, and they were included in the final formula. In 
addition, the prediction model had a low percentage of 
errors in predicting the LOS within 1, 2, and 3 d. These 
results confirmed that the formula accurately predicted 
the LOS of Omicron patients.

Adaptive immune responses play key roles in SARS- 
CoV-2 clearance and protection of reinfection [17]. 
Weakened cell-mediated immunity and humoral immune 
function can prolong LOS. The data showed that D-dimer 
levels were prognostically significant for mortality in 
COVID-19 [18,19]. Improvements in D-dimer levels by 
heparin might indicate clinical improvement. Moreover, 
rhinorrhea was less common in COVID-19 and SARS 
than in influenza and common cold.

There are several limitations to this study. First was 
a single-centre study involving only Chinese popula
tions, which limits the validity of the results. Second, 
only 83 variables were included in this study, which led 
to less-than-expected predictive test results. Third, the 
study lacked external validity. Finally, more studies are 
needed to verify the generality of the results.

In summary, in this study, we analysed the clinical 
characteristics and outcomes of Chinese patients with 
a single centre Omicron variant. Common symptoms on 
admission were cough, expectoration, fever, and nasal con
gestion. The use of immunotherapy was the main reason 
for the LOS of patients. Five variables were identified, 

including immunotherapy, heparin, familial cluster, rhi
norrhea, and APTT. A simple model was developed and 
evaluated to predict the LOS of Omicron patients. The 
formula is as follows: Predictive LOS = exp(1 × 2.66263 +  
0.30778*Immunotherapy+0.1158*Familiar cluster+0.1496 
*Heparin+0.0989*Rhinorrhea+0.0036*APTT). These find
ings help doctors to optimize the management of patients 
to alleviate the strain on medical resources caused by 
Omicron Variant.
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